ABSTRACT In order to promote travel safety and efficiency, many management staff are engaged to provide service to avoid long queues. Those manpower demands unavoidably introduce overstaffing, which is a great waste during off-peak period. However, it is not easy to precisely forecast the traffic flow to better arrange road management manpower and eliminate queuing phenomenon. In this paper, vehicle flow is first predicted with high accuracy based on the historical multi-source traffic data. The traffic data are collected for one month to establish a forecasting model. The forecasted traffic flow is tested on the following week and shows that the hourly traffic flow can be predicted in high accuracy. Improved manpower planning strategy is proposed based on the predicted results for arranging working schedule correspondingly. The proposed method is tested on a randomly selected toll gate in a real scenario as an example. A manpower planning strategy is verified with scheduled number of operating toll lanes. The improved manpower planning shows that the proposed method effectively reduces manpower by 40% at the toll gate and saves 67.5 working hours in one week compared with the current schedule. The successful application of the manpower planning method can be extended to other toll gates and service plazas to save manpower for more efficient and intelligent operation manner.
I. INTRODUCTION
An increase in people's traveling demand has made the freeway an ideal carrier for efficient travel. In China, freeway toll collection systems and service plazas have been fully established, recruiting large staff to engage in traffic management, road maintenance, toll collection, cleaning, fueling, catering and other services in related areas. Both road users and administrators expect to promote its efficiency, e.g. to reduce queuing time. However, all employees are required to provide services in these areas during peak hours, while manual assistance is required even if self-service is provided during off-peak hours. Even with the widespread popularity of automation, human resource is still greatly needed in
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China's freeway operations. The queuing phenomenon at toll gates and service areas during peak hours coupled with the saturated-arranged manpower during off-peak hours are undoubtedly huge obstacles to the efficient and low-cost operation of freeways. Therefore, it entails an intelligent manpower planning strategy to simultaneously ensure the efficiency of freeway transportation management and the satisfaction of road users, so that a nation's economy and infrastructure construction could have the potential to prosper [1] .
Queuing theory (QT) has been applied to the design of a toll plaza and service area [2] , [3] . In these studies, QT was utilized to analyse the traffic demand represented by the design hourly flow (DHV) [4] , which determines the scale of the toll plaza or that of the service area. The freeway network toll collection system records a large amount of traffic data every year, which are concerned by freeway management VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ departments. Herein, managers particularly focus on realtime traffic information. The accurate real-time traffic state (e.g., traffic demand) attracts many researchers to focus on traffic prediction [5] since the traffic information can be obtained in advance to achieve better traffic control. In terms of the accurate traffic forecast, reliable traffic flow data is a must. There are three main ways to collect the freeway traffic flow data: vehicle detectors [6] , traffic surveys [7] and freeway network toll collection systems [8] , [9] . Comparing with the other two data collection methods, the data collected from the freeway network toll collection system has advantages as follows: (1) Reliable data sources. Data are from the freeway toll collection systems and have a high level of integrity. (2) Real-time data. The traffic flow at the current moment can be acquired. (3) Low cost in obtaining the data. The data are not easily disturbed by the external environment, thus avoiding the high cost caused by frequent maintenance of data resources. With the deep and extensive application of deep learning algorithms in data processing and predicting, this study intends to use the deep learning algorithm to predict hourly traffic flow replacing DHV to dynamically determine the manpower planning demands of toll gates or service areas on freeways.
To ensure rational manpower planning, queuing theory [2] , [10] is provided in staffing decision models in different scenarios, such as in the medical centres [11] , [12] , border crossings [7] , [13] , [14] and post offices [15] . In the U.S.-Canada border crossings, Lin et al. quantified the uncertainty of the short-term traffic flow via making traffic flow predictions, which were regarded as demands to generate a manpower planning scheme [7] . This study indicates that the manpower planning on freeway road management resembles that for border crossing. Yet the data was collected from traffic surveys and merely covered the passenger cars in one direction but not the other types of vehicles (e.g., commercial vehicles, trucks) and vehicles to Canada. Also, since the data acquisition method is manual, it is costly and cannot acquire real-time information.
Taking the freeway toll gate as an example, extensive researches have shown that existing research rarely combines traffic demand with manpower planning on freeways. Inspired by [7] and real-time toll collection data, this research attempts to generate integrated and improved manpower planning for road management staff via forecasting the traffic flow using a historical queuing model.
The remaining part of the paper proceeds as follows: the background of this research is presented in Section I. Section II introduces a general overview of existing researches on traffic demand analysis on freeways and manpower planning method for road managers as well as traffic flow prediction algorithms. Taking the toll collection on freeways as a case study, section III describes how to set the appropriate number of toll booths in operation dynamically and verifies whether the method satisfies the demands of the daily traffic flow. The results of the traffic flow forecast and the results of the number of to-be-opened toll booths as well as the manpower planning are shown in Section IV. Finally, the conclusions and future research directions are given in Section V.
II. RELATED WORK A. TRAFFIC DEMAND ANALYSIS
Congestion manifests itself in a longer waiting time, yet the demand analysis can eliminate or ease the phenomenon. For the queuing on freeways, Komada et al. pointed out that the traffic state varies with increasing traffic density and the number of toll gates. Moreover, when vehicles drive into manual collection toll booths, the queues will occur if the traffic density reaches its critical value [16] .
A layer-by-layer progressive analysis model was established to analyse the link of the vehicles merging and safety and the link of road throughput and cost. This method obtained the best way to build a toll plaza that satisfied the various requirements. To facilitate vehicles follow staggered shifts, some studies have focused on dynamically adjusting toll strategies of vehicles leading to changes in travel demand [17] - [19] .
The simulation methods are often used to verify whether the capacity of a toll gate corresponds with the actual traffic demands, by which some reliable suggestions can be put forward [20] - [22] . Haughton et al. quantified the benefits of freight companies and customs operations in the cross-border freight inspection process [20] . They discussed how to ensure the benefits while improving the traffic efficiency of U.S.-Canada transit vehicles. Brijmohan et al. adopted a microscopic simulation method and found that road border crossing systems equipped with priority crossing and queue jump lanes can achieve a higher traffic efficiency and adapt to the traffic demand [21] . A direct way fit the increase in traffic demand is to reconstruct the existing toll plaza. In the case of the Hong Kong-Zhuhai-Macao Bridge, Zhong et al. employed a theoretical formula to obtain the configurations of operated toll booths under varying traffic demands using the predicted traffic flow for future years [22] .
Based on GPS data, F. Zong et al. used Markov Chain and polynomial logistic regression to predict tourist destinations [23] . This method focused on the state of the road network traffic, which could obtain the traffic state and demand in a specific site in advance. For highway managers, this is an indirect method of controlling traffic states [24] .
B. MANPOWER PLANNING
An integrated staffing decision model was established in [11] . A multiple objective linear program was applied to estimate the manpower planning requirements and scheduling requirements, from which a solution was provided to modify the manpower planning iteratively. Wander et al. applied QT to border crossing [13] . They established a staffing optimization model for border checkpoints that considers the wage costs of the customs officers and the wait time of travellers. Regarding border crossings, Yu et al. adopted a timevarying queuing model to study the periodic variation of the arrival rate of passing vehicles and the service rate of each booth [14] . Regarding staffing issues as integer programming problems, they developed optimal manpower planning. The Particle Swarm Optimization and Extreme Learning Machine (PSO-ELM) was used to predict traffic flow interval, on which the hourly cost function of the queuing system considering three elements was established [7] . Tested on empirical data and compared with other staffing plans, the method achieved the best performance.
In addition to introducing QT into personnel allocation models, multi-objective optimization models and search algorithms were also applied in this field. From the perspective of balancing the cost of service facilities with the benefits of employee flexibility, Li et al. used the multi-objective program to build a staffing planning model [25] . Lin et al. adopted the depth-first search algorithm and the branch-andprice-and-cut algorithm to solve the crew scheduling and crew rostering problems in passenger railway systems [26] . The above methods are unobvious for the fine-grained planning of human resources, that is, the plan is directly generated and will not change for a period.
C. TRAFFIC PREDICTION
Considering the explosion of traffic data, deep learning methods [27] , especially the neural networks, excel at dealing with time-series data such as in traffic flow datasets [28] . Additionally, short-term traffic flow prediction can be implemented with a time interval of 5 minutes to 60 minutes. The LSTM [29] model has been widely applied in the traffic prediction field (see Table 1 ) due to its merits in coping with the long time-series data, such as traffic flow data. In these articles [30] - [40] , the authors compared the performances of LSTM networks with that of other models, such as parametric models like Autoregressive Integrated Moving Average (ARIMA) [41] and logistic regression models [42] , [43] as well as Kalman filters and nonparametric models including the Deep Neural Network (DNN) [44] , Artificial Neural Network (ANN) and general Recurrent Neural Network (RNN) [45] . Considering the scale of traffic flow data and its nonlinearity and randomness, the performance of nonparametric models is better than that of parametric models. As a non-parametric model, DNN has multiple hidden layers, which adopted the pattern of full connection. RNN is adept in processing time series data due to that it can concatenate the past output with the current input. However, when it comes to long sequence data, the performance of the RNN is not as good as that of the LSTM. In addition, it has been demonstrated that the LSTM neural network has stateof-the-art performance to traffic data prediction.
Overall, there seems to be some evidence to indicate that the integrated approach for manpower planning based on traffic demand analysis is highly needed in freeway management administrators and other relative areas along freeways. It is, therefore, the traffic flow prediction model using the LSTM neural network and the QT model is used in this paper. Taking the toll collection in the Hechizhai toll gates as an example, first, the data after pre-processing are input to the LSTM network to predict the traffic flow for the last week in June. Next, the predicted hourly traffic flow can be calculated and analyzed to obtain the number of operated lanes based on QT [2] . Finally, the traffic intensity is adopted to verify the rationality of toll booths setting, namely, the manpower planning since that one person is responsible for one toll booth in one shift. The results show that the proposed method of manpower allocation is reasonable. The main contributions of this manpower planning approach tested in the Hechizhai toll gate are as follows: (1) It is the first time that an integrated manpower-planning approach is proposed. It contains demand analysis based on a deep learning algorithm and a staffing scheme based on the queuing model for the freeway toll gates. (2) Most scheduling tables are customized on a daily basis and are rotated by shifts, while the method in this article is fine-grained to every hour. (3) The manpower planning scheme reduces the manpower by 40% and saves 67.5 working hours in one week compared to the existing manpower scheme. The successful application can be extended to other departments such as traffic police and service areas to save manpower and operate the freeways more efficiently and intelligently.
III. METHODOLOGY
In this section, we first introduce the data used in this research. The regular pattern of the day for the traffic flow is revealed in Part B. Taking the sub-total model as the framework, the equivalent conversion of different vehicle types is discussed in the data processing layer. The structure of the LSTM neural network and the evaluation for the forecast results are described in the traffic flow forecast layer. The number of to-be-opened toll booths is in the application layer is investigated as a case study. Other working schedules to operate the freeway could be optimized similarly.
A. EQUIVALENCE OF DIFFERENT VEHICLE TYPES
It is supposed to use the actual traffic count when conducting a traffic survey, whereas the passenger car unit (pcu) [46] conversion is applied to the statistics and analyses as needed. The pcu conversion refers to the actual traffic flow of various motor vehicles and non-motor vehicles being converted into an equivalent traffic flow of a standard model with a certain conversion coefficient [47] , [48] . In the Technical Standard of Highway Engineering (JTG B01-2003), there are two conversion methods available for selection. One method is based on the classification made by toll gates, and the other method depends on the standard from the video detectors, as shown in Table 2 . The data obtained are presented in the latter form, in which a passenger car with seven seats or less serve as the standard unit.
B. THE IMPROVED LSTM NEURAL NETWORK
As shown in Fig. 1 , the LSTM memory block consists of three gates, the forget gate, input gate and output gates, which are denoted as f c , i c , and o c , respectively. The forget gate is responsible for selecting the information that needs to be retained in the previous time step. The input gate determines which information in the current input is important and needs to be added to the current cell state. The output gate is used for determining what the next hidden states should be. The three gates determine whether the information is supposed to be saved or forgotten during the training process, which is achieved by a sigmoid activation function. The sigmoid function σ ranges from 0 to 1, in which 0 denotes nonsignificant information and 1 denotes significant information. The inputs of every gate include not only the information for the current time but also that of the previous time. However, the inputs of the entire memory block in the current time must go through the operation of the function tanh, φ, both ranging from −1 to 1. The data processing can be depicted as follows: 
where g (t) and v (t) denote the input and output of the memory block, and s (t) describes the current state of the memory block. W x and W h are the weight factors of the input x (t) and the output of the previous step h (t−1) . b refers to the bias of every gate or input. The dot product is indicated by .
C. EVALUATION OF THE FORECAST RESULTS
Successful prediction for traffic flow has been demonstrated using neural networks of RNN [44] and DNN [45] . In the experiment, the forecast results using the RNN and DNN model respectively are compared with those of the LSTM neural network. Three criteria are used to evaluate the validity and performance of the forecast models. They are the mean absolute error (MAE), mean relative error (MRE) and root mean square error (RMRE). The definitions are as follows:
where y l is the predicted data, and y i denotes the measured data. According to equation (7), the MRE is more suitable to evaluate the confidence level of a forecast model, so MRE is employed to compare the performance of the LSTM forecast model with that of the other traffic forecast models. The MAE VOLUME 7, 2019 and RMSE excel at reflecting the prediction precision of the LSTM traffic forecast model.
D. CALCULATION OF THE NUMBER OF TOLL BOOTHS ON OPERATION
The number of toll booths to be opened is affected by many factors, such as the traffic flow, service time and service level of the toll gates [49] .
1) HOURLY TRAFFIC FLOW
DHV is used for the design of the toll plaza, usually indicated by the thirtieth highest annual hourly volume [49] . DHV is equal to the annual average daily traffic flow of the purpose year multiplied by K and D. K and D refer to the traffic peak hour coefficient and the bidirectional nonuniform coefficient for traffic flow. This method is used to obtain the maximum number of toll lanes to fit the daily traffic demands. in this research, DHV is replaced with the hourly traffic flow predicted by the LSTM forecast model to determine the number of toll booths hourly. The real-time traffic flow can be obtained for the next period, depicted by where Y denotes the traffic flow, and t is the time interval. The traffic flow value at (i + 1) th t is determined by the values in several former time intervals. Thus, using the traffic flow in the future can supply a reference for determining the number of toll booths in operation dynamically. Note that the pcu is employed as the data type of our training algorithm.
2) SERVICE TIME
According to the existing standard, for closed toll gates, the service time of the entrance is 6-8 seconds, and the service time of the exit is 14-20 seconds (JTG D20-2006). However, concerning the statistical information of established toll gates, the service times for both the entrance and exit are shorter than those for the regulations of the existing standards.
3) SERVICE LEVEL
The mean queue value L q denotes the average number of vehicles in a line. It is easily accepted by drivers and passengers that L q is regarded as the index when evaluating the service level of the toll gate [4] . The classification of the service level is shown in Table 3 .
4) THE NUMBER OF TOLL BOOTHS IN OPERATION
The number of toll booths depends on the predicted hourly traffic flow and the mean service time [49] . the heavier the traffic is, the more toll booths run. it can be depicted below:
where P is the capacity of a toll lane, and t is the service time, which is denoted by the mean minimum time headway. Y i describes the forecast traffic flow in the i th hour, and N C is the calculated value that depicts the number of toll booths in operation in the future.
5) TRAFFIC INTENSITY
The number of toll booths is supposed to meet the requirements of the traffic intensity (u), which refers to the ratio of the predicted to the actual DHV. Thus, the number of to-beopen toll booths based on the predicted traffic flow must be more than the calculated number. If u < 1, vehicles can pass the toll gate unhurriedly. otherwise, vehicles arriving at the toll gate will accumulate, leading to congestion. The traffic intensity u is described below: in conditions where 2≤ N a ≤ N max . N a is the actual value that approximately equals to N c , since N c can hardly be an integer. N max is the maximum number of toll booths in one way. The proposed model is shown in Fig. 2 . The preprocessed data will be sent to train the forecast model, from which the predicted traffic flow can be obtained. Next, the application layer yields the number of to-be-opened toll booths. The traffic intensity u is used to check whether the calculated number of lanes is reasonable. If u is greater than 1, more toll booths are operated to eliminate traffic congestion until the number of to-be-open toll lanes reaches its design scale. Otherwise, the number of booths is outputted directly. Finally, a list concerning the number of the toll booths in operation per hour will be gained. Following the principle of one person operates one toll booth, the results of the manpower planning will be also obtained.
IV. RESULTS AND DISCUSSIONS

A. DATA DESCRIPTION
The proposed method is tested on a randomly selected toll gate, hechizhai toll gate, in a real scenario as an example. It is located next to the Xi'an Ring freeway, with 5 toll lanes at its entrance and 9 lanes at the exit (see Fig. 3 ). The traffic data are collected from the shaanxi province toll management center. Due to few holidays and stable weather conditions in june, the toll data in June 2017 are less influenced by external factors so that the data were chosen to predict the traffic flow. The data perform an obvious tidal phenomenon, which is explicitly described by the line chart. AS shown in Figure 3 , traffic flow during peak hours is distributed in 7:30 to 11:30 and 17:00 to 20:00. Therefore, the daily traffic flow sequences have regulation in the time domain, which is regarded as the basis of this research.
The traffic flow data are aggregated once every fifteen minutes. To ensure the accuracy of the experimental results, the missing data are filled in by using the adjacent data in temporal order, and the invalid data are corrected by the average filtering method.
In the experiment, we assume that:
1) There is no difference between lanes.
2) The toll collection method adopts MTC.
3) For a driver, the probability of selecting a toll booth is equal.
B. THE RESULTS OF TRAFFIC FLOW FORECAST
The experiment was implemented with a Python 3.6 platform on a desktop PC with an Intel i3 3.3GHz CPU and 4 GB memory, and the LSTM networks were established based on the Keras library. The parameters involved in the proposed model are set by trial and error, as shown in Table 4 . From Fig. 4 , the predicted traffic flow has a line that is close to that of the observed traffic flow. It indicates that the prediction results fit well with the original data. In other words, the proposed LSTM traffic forecast model is highly reliable in traffic flow prediction, which is the basis to determine the number of toll lanes to be opened. As can be seen from Fig. 5 , the MREs of the entrance and exit yield by the LSTM network are 0.186 and 0.145, respectively, which are lower than those of the other models, such as the DNN and RNN models. This indicates that the LSTM can learn the features better than the other two models when dealing with time-series data. The MAE values are 30.478 and 24.677, respectively, as shown in Table 5 . Thus, the errors being merely 121 and 99 vehicles in one hour can hardly affect the number of operated toll booths. Regarding the traffic forecast models, it is concluded that the performance of the LSTM network is better than that of the DNN and RNN models.
C. THE RESULTS OF MANPOWER PLANNING
Taking the toll collection as an example for road management on freeways, the application layer is used to determine the number of operating toll booths dynamically, which reflects the process of dynamic manpower planning. From Table 6 , we present the numbers of to-be-opened toll lanes per hour in one week, from June 24th to 30th. Regarding the number of operated toll lanes, there are two points as follows:
(1) There are supposed to be 2 lanes in operation at least to prevent the emergencies; thus, there should be 2 lanes rather than 0 or 1 when they are obtained by the proposed model. (2) There are 9 toll lanes for the exit of the toll gate.
Thus, the number of toll lanes is 9, even when 10 or 11 obtained from our proposed model. To prove the rationality of this method, we exploit the traffic intensity u, as shown in Fig. 6 . The surface plot reflects the distribution of the traffic intensity per hour on weekdays and weekends. The green and yellow parts indicate that u are less than 1, where the green part represents a very sparse traffic flow. The parts with these two colors confirm that the setting strategy for the number of toll booths is reasonable, which means that vehicles can go through the toll gate freely. The number of toll booths in operation changes over time. Traffic congestion occurs when the traffic intensity is greater than 1, which is depicted by the red part in Fig. 6 (b) . The results imply that the traffic congestion at the Hechizhai toll gate in this part is rather serious, although the number of tobe-open toll booths has reached the upper limit.
From Fig. 7 , the upper part and the lower part show the lane opening at the entrance and exit of toll gates in one week respectively. Two narrow black dotted lines indicate the morning and evening peak hours. During the morning peak, it is obvious that two entry lanes are not used while the number of toll lanes of the exit has reached its upper threshold. The opposite phenomenon is seen in the evening peak. Therefore, we suggest that one or two of the entrance lanes can be set as a reversible lane [50] so that the traffic pressure can be released in peak hours. Note that the usage condition of this suggestion is that the entrance and exit of the toll gate must be adjacent such as Hechizhai toll gate.
Comparing with the actual shift scheduling pattern in Table 7 , Table 6 shows that the time of each lane in operation can be reduced by 67.5 hours in one week. It indicates that the operating time of the lanes will be reduced by nearly 40%, and the consumption of human resources will be decreased at the same time.
V. CONCLUSION AND FUTURE WORK
This study aims to provide an integrated model consists of traffic demand analysis and manpower planning to solve the manpower redundancy on freeway management. Hourly traffic flow is predicted with the deep learning-based approach to analyse hourly traffic demands. The improved manpower planning strategy is proposed based on the predicted results and historical queuing model. The working schedule is planned for a randomly selected toll gate. In traffic flow prediction, the improved LSTM forecast model performs better than RNN and DNN forecast models. The manpower planning is specified for the hourly traffic demand of the toll gate, so that the scheduling is dynamically changed in hours to save manpower and ease the long queues of toll gates and service areas on freeways. Successful applications of the proposed method effectively reduce manpower by 40% at the toll gate and save 67.5 working hours in one week compared to the current schedule.
The proposed method would consider more factors that can affect the traffic demands [51] , such as the weather [52] , driving behavior, road conditions, holiday-related effects and so on. More information could be included to further improve prediction accuracy. The integrated approach for manpower planning based on traffic flow forecast can be widely introduced into road management departments such as road administration departments, road maintenance departments, traffic police departments and service areas on freeways.
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